
Pneumonia is an infectious disease of the lung and a
major cause of morbidity and mortality that affects
approximately four million persons in North America
each year.1 About one third to one half of pneumonia
cases are caused by bacteria. Despite technologic
advances in medicine, the diagnosis and treatment of
pneumonia remain challenging for clinicians. Empiric
antibiotic treatment is usually initiated before a defin-
itive microbiologic diagnosis is available. 

Automatic methods, such as computerized clinical
guidelines and decision support systems, have been
developed to assist the physicians in the diagnosis of
pneumonia and the management of patients with the
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Automatic Detection of Acute
Bacterial Pneumonia from
Chest X-ray Reports 

A b s t r a c t Objective: To evaluate the performance of a natural language processing system
in extracting pneumonia-related concepts from chest x-ray reports.

Methods: Design: Four physicians, three lay persons, a natural language processing system, and
two keyword searches (designated AAKS and KS) detected the presence or absence of three pneu-
monia-related concepts and inferred the presence or absence of acute bacterial pneumonia from 292
chest x-ray reports. Gold standard: Majority vote of three independent physicians. Reliability of the
gold standard was measured. Outcome measures: Recall, precision, specificity, and agreement (using
Finn’s R statistic) with respect to the gold standard. Differences between the physicians and the
other subjects were tested using the McNemar test for each pneumonia concept and for the disease
inference of acute bacterial pneumonia. 

Results: Reliability of the reference standard ranged from 0.86 to 0.96. Recall, precision, specificity,
and agreement (Finn R) for the inference on acute bacterial pneumonia were, respectively, 0.94,
0.87, 0.91, and 0.84 for physicians; 0.95, 0.78, 0.85, and 0.75 for natural language processing system;
0.46, 0.89, 0.95, and 0.54 for lay persons; 0.79, 0.63, 0.71, and 0.49 for AAKS; and 0.87, 0.70, 0.77, and
0.62 for KS. The McNemar pairwise comparisons showed differences between one physician and
the natural language processing system for the infiltrate concept and between another physician
and the natural language processing system for the inference on acute bacterial pneumonia. The
comparisons also showed that most physicians were significantly different from the other subjects
in all pneumonia concepts and the disease inference.

Conclusion: In extracting pneumonia related concepts from chest x-ray reports, the performance of
the natural language processing system was similar to that of physicians and better than that of lay
persons and keyword searches. The encoded pneumonia information has the potential to support
several pneumonia-related applications used in our institution. The applications include a decision
support system called the antibiotic assistant, a computerized clinical protocol for pneumonia, and
a quality assurance application in the radiology department.
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disease.2–4 A recent evaluation showed that one of
these systems, as measured by significant reductions
in several outcome measures (such as length of stay,
adverse drug events, allergies, and costs), improves
the quality of patient care.4

To determine whether a patient has acute bacterial
pneumonia, automatic systems search the hospital
information system for relevant clinical data, such as
laboratory results, microbiology data, and chest x-ray
reports. The majority of laboratory and microbiology
data, such as hemograms, white blood cell counts,
and results of sputum and blood cultures, are stored
in a coded or numeric format. However, chest x-ray
reports are usually stored as free-text reports.
Information in free-text reports is not in a com-
putable format. To perform any type of logic, com-
puterized applications require coded data from a
defined clinical vocabulary in which the concepts are
represented in an unambiguous format.

Several methods exist to encode the information in
free-text reports. Manual coding of the reports by
trained personnel is rarely done, because it is expen-
sive and time intensive. In addition, a time delay for
the availability of the encoded data prevents its use
by real-time applications. Radiologists could encode
the findings from a patient’s film in real time.
Encoding findings in real time requires an appropri-
ate user interface. However, developing of interfaces
that map findings to a clinical vocabulary is not triv-
ial, and even if such interfaces exist, radiologists pre-
fer the simplicity of dictating a report. 

None of these methods addresses past reports
already stored in hospital information system as free-
text reports. Keyword searches can be implemented
to extract information from the free-text reports.
Keyword searches are susceptible to all the problems
that result from the complexities of natural language,
such as grammatical ambiguities, synonymy, nega-
tion of concepts, and distribution of concepts.5

Natural language processing (NLP) is a methodology
for automatically encoding clinical data from narra-
tive reports. Such systems receive free-text reports as
input, process the reports using syntactic and seman-
tic information, and output coded data that can be
mapped to a controlled terminology. Several NLP
systems have been developed to encode clinical
information from chest x-ray reports and other nar-
rative reports.6–10 However, few formal evaluation
studies have been reported.11

In this study, we evaluated the accuracy of an NLP
system in the extraction of pneumonia-related con-

cepts from chest x-ray reports. The concepts were
selected on the basis of the requirements of a decision
support system called the antibiotic assistant, which
has long been used in our institution.3,4

Methods

We evaluated the accuracy of an NLP system called
SymText9,10 in extracting pneumonia-related con-
cepts from chest x-ray reports. We compared
SymText against four physicians, two different key-
word searches, and three lay persons. The perform-
ance of the study subjects (SymText, physicians, key-
word searches, and lay persons) was established with
respect to an independent gold standard consisting
of three physicians. Our evaluation study was based
on a methodology proposed by Hripcsak et al.11

We first describe the characteristics of the study sub-
jects and the gold standard. Second, we define the
pneumonia concepts and describe how the concepts
were extracted from the radiology reports. Third, we
describe report selection, calculation of the gold stan-
dard reliability, and the outcome measures.

Subjects and Gold Standard

Seven physicians (two radiologists and five
internists) independently read the chest x-ray reports
to establish the presence or absence of the pneumonia
concepts. None of the reading physicians was from
LDS Hospital, where the reports were originally pro-
duced. Three of the seven physicians (one radiologist
and two internists) were randomly selected to pro-
vide the gold standard. The gold standard interpre-
tation for the pneumonia concepts was established
by the majority vote of the three physicians. The
readings of the remaining four physicians (one radi-
ologist and three internists) were tested against the
gold standard.

Two different keyword searches were tested. The
first keyword search is part of the antibiotic assistant,
a computerized decision support systems imple-
mented at LDS Hospital. The antibiotic assistant
helps physicians select appropriate antibiotics for
infectious diseases. One of the diseases is acute bac-
terial pneumonia. To decide on the presence or
absence of acute bacterial pneumonia, the antibiotic
assistant searches the HELP hospital information sys-
tem12 for all the available pertinent clinical informa-
tion. To extract the required pneumonia information
from the chest x-ray reports, the developers of the
antibiotic assistant applied a keyword search (AAKS,
for antibiotic assistant keyword search). The second
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keyword search (KS) was developed by the authors
who have background in NLP. Later, we describe the
differences between the keyword searches.

Three lay persons served as baseline subjects. The lay
persons did not have any background in biomedical
sciences.

SymText is the NLP system developed at LDS hospi-
tal.9,10 SymText was developed to encode informa-
tion in chest x-ray reports but has been used for
admission diagnoses and ventilation/perfusion lung
scan reports.13,14 The underlying structure has been
previously described.9,10 SymText has a syntactic and
a semantic component. The syntactic component is
implemented as a set of augmented transition net-
work grammars15 followed by the application of a
transformational grammar. The semantic component
consists of three different Bayesian networks.16 The
first Bayesian network, shown in Figure 1, represents
radiographic findings such as infiltrates, pleural effu-
sions, and mediastinal widening. The second
Bayesian network models the diseases that can be
described in the reports, such as pneumonia, conges-
tive heart failure, and atelectasis. The third Bayesian
network models the devices that are frequently

described in the chest x-ray report, such as Swanz-
Ganz catheters, intravenous lines, and nasogastric
tubes. SymText is able to extract 76 different radi-
ographic findings and 89 different diseases from
chest x-ray reports. In this study, SymText was eval-
uated only in the context of pneumonia. 

For every sentence in the report, SymText makes an
interpretation using the semantic model in the
Bayesian networks as an attribute-value template.
Values of the nodes (attributes) in the networks are
either words taken directly from a sentence or broad-
er concepts inferred from words. For example, Figure
2 shows the instantiation of the utterance “dense
infiltrative opacity in the right upper lobe” resulting
from use of the Bayesian network in Figure 1 (radi-
ographic findings) as a semantic template.

Pneumonia Concepts

All the subjects (human and automatic) were tested
for their ability to identify each of the following con-
cepts from the chest x-ray reports: pneumonia, infil-
trate compatible with acute bacterial pneumonia, and
aspiration. The three concepts were selected on the
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F i g u r e  1 Bayesian network for radiographic findings.



basis of actual requirements of the antibiotic assis-
tant. In addition, all the subjects were asked to make
an inference, on the basis of the report only, on acute
bacterial pneumonia as a disease in the patient. We
distinguished between pneumonia as a concept and
acute bacterial pneumonia as a disease inferred from
the report. 

The gold standard physicians typically considered
the concept pneumonia to be present if the radiolo-
gist stated the term “pneumonia” or a synonym such
as “pneumonitis.” For the inference of acute bacterial
pneumonia, the radiologist might not explicitly men-
tion “pneumonia” in the report. Consider, as an
example, the following two phrases from two differ-
ent reports: “pneumonia in the right lower lobe” and
“consolidation in the left lower lobe.” In the first sen-
tence, the pneumonia concept is present and the dis-
ease pneumonia is easily inferred. In the second sen-
tence, although pneumonia is not mentioned explic-

itly (pneumonia as a concept is absent), the entire
report may allow the inference of the disease pneu-
monia. This distinction was made on the basis of the
requirements of the antibiotic assistant. The antibiot-
ic assistant does not try to infer whether the whole
report supports acute bacterial pneumonia, but
rather only searches for the three pneumonia-related
concepts. The pneumonia concepts from chest x-ray
reports are then combined with other sources,
including laboratory and microbiology data, to deter-
mine the presence of the disease. The ability to infer
the presence of acute bacterial pneumonia on the sole
basis of chest x-ray reports might be important for
other computer applications.

A block diagram of the flow of information for this
project is shown in Figure 3. First, the subjects identi-
fied the three concepts required by the antibiotic
assistant. Then the subjects inferred whether the
whole report supports pneumonia. In the following
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Instantiated event:
1001 *observations : *localized upper lobe infiltrate (0.888649)
1002 *state : *present (0.989832)
1003 state term : null (0.966054)
1004 *topic concept : *poorly-marginated opacity (infiltrate) (0.877889)
1005 topic term : opacity~n (1.0)
1006 topic modifier : infiltrative~adj (1.0)
1013 *tissue concept : *lung parenchyma (0.906629)
1014 tissue term : null (0.9999993)
1015 *severity concept : *high severity (0.893566)
1016 severity term : dense (1.0)
1017 *anatomic concept : *right upper lobe (0.999994)
1018 *anatomic link concept : *involving (1.0)
1019 anatomic link term : in (1.0)
1020 anatomic location term : lobe~n (1.0)
1021 anatomic location modifier : null (0.999864)
1022 anatomic modifier side : right (1.0)
1023 anatomic modifier superior/inferior : upper (1.0)
1024 anatomic modifier lateral/medial : null (0.999993)
1025 anatomic modifier anterior/posterior : null (0.999989)
1026 anatomic modifier central/peripheral : null (0.955543)

F i g u r e 2 Partial view of the template
instantiation for the sentence “dense infiltra-
tive opacity in the right upper lobe.” The
numbers from 1001 to 1026 are node identi-
fiers. The numbers inside the parentheses are
the probabilities given by the Bayesian net-
work that model findings (see Figure 1) from
the chest x-ray report. First, the individual
words of the sentence are instantiated in the
lower-lever nodes (indicated by a probability
of 1.0). Then the conceptual nodes (indicated
by asterisks) are inferred through probability
propagation. 

F i g u r e  3 Flow of information for all subjects (human and automatic) in the study.
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paragraphs we explain how the automatic systems
(SymText, AAKS, and KS) identify the three concepts
and make the inference.

For each report, a rule-based algorithm was applied
to SymText’s output, to determine the presence or
absence of the three literal pneumonia concepts.
These rules are shown in Figure 4. The rules search
the concepts in our semantic model (the Bayesian
networks) and translate to the concepts needed by
the antibiotic assistant. For example, the rule for infil-
trate searches for the presence of such concepts as
localized infiltrate, localized lower lobe infiltrate, and
localized consolidation. 

The two keyword searches (AAKS and KS) look for
specific words or a combination of words inside the
reports. For instance, both search for the strings
“pneumoni” and “aspirati” in the report. If they can-
not negate these strings with words such as “no,” “no
evidence of,” or “not,” then pneumonia or aspiration
are considered to be present. 

The keyword searches differ in how they extract the
infiltrate concept. AAKS simply searches for the
string “infiltr.” KS is more general and uses more
terms, such as “opacit,” to define the concept infil-
trate. Radiologists frequently describe infiltrates by
using a general term like “opacity” and modifiers
such as “hazy,” “ill-defined,” and “patchy.”

To infer whether the report supports acute bacterial
pneumonia as a disease in the patient, we applied a
simple rule to all the automatic methods after they
processed the three literal concepts. If one of the three
concepts (pneumonia, aspiration, and infiltrate) was
present, then the report supported pneumonia; if not,
the report did not support pneumonia. Other studies
have tested different methods for making inferences
from automatically extracted concepts.17,18

Reports

For this study, we selected 292 reports from about
15,000 chest x-ray reports produced during a six -
month period (October 1998 to March 1999) at LDS
Hospital, Salt Lake City, Utah. Of the 292 reports, 217
were randomly selected from all the reports stored in
the HELP System in the first three-month period
(October to December). From the following three-
month period (January to March), the remaining 75
reports were randomly selected from a list of patients
with a primary ICD-9 hospital discharge diagnosis of
bacterial pneumonia. We used this approach to
increase the prevalence of pneumonia-related reports
in our sample. We did not constrain the selected

reports to the patient’s admission chest x-ray report,
because the antibiotic assistant searches for pneumo-
nia information in all available chest x-ray reports
during a patient’s hospital encounter.

Gold Standard Reliability

Measuring a system’s performance requires a reliable
gold standard. Reliability19 is a measure of gold stan-
dard quality that quantifies the agreement among the
experts who generated the standard. To assess the
reliability of the gold standard, we followed a
methodology based on generalizability theory that
was proposed by Shavelson et al.20 The methodology
was adapted to the NLP domain by Hripcsak et al.21

Following this methodology, a generalizability coef-
ficient (�) was computed. The coefficient reflects the
reliability of the gold standard and ranges from 0 to
1. The higher the coefficient, the greater the confi-
dence in the reference standard. 
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Pneumonia:
IF ((*observations of the disease network = pneumonia) 

in any report sentence
AND the *state = (present OR possible))
THEN

(Pneumonia = 1)
ELSE 

(Pneumonia = 0)  

Aspiration: 
IF ((*observations of the disease network = aspiration 

pneumonia) in any report sentence
AND the *state = (present OR possible))
THEN

(Aspiration = 1)
ELSE 

(Aspiration = 0)  

Infiltrate Compatible with Acute Bacterial Pneumonia:
IF ((*observation of the findings network IS ONE OF 

(localized infiltrate, localized upper lobe infiltrate, 
localized lower lobe infiltrate, localized 
consolidation, generic infiltrate, consolidation 
(nos), perihilar infiltrate, localized parenchymal 
abnormality)) in any report sentence
AND the *state = (present OR possible))
THEN

(Infiltrate = 1)
ELSE 

(Infiltrate = 0)

F i g u r e 4 Rules applied to SymText’s output for a
report to extract the three pneumonia concepts.



We calculated the generalizability coefficient for each
of the three concepts and the disease inference using
the following variance component model:

scoreij = casei + rateri = residualij

where score is the answer provided by the physician
for a concept, i is an index on the random facet case
(292 reports), and j is an index on the random facet
rater (three raters).

Estimated variance components (�2) were calculated
from the output of a two-way ANOVA based on the
model of equation (1) as explained in the review by
Shavelson and Webb.20 From the estimated variance
components we calculated the generalizability coeffi-
cient per rater for each concept using the formula: 

The numerator contains the estimated variance com-
ponents of the facet of interest. The denominator
sums the estimated variance components of the facet
of interest with the estimated variance components of
all the sources of errors. 

We obtained the actual generalizability coefficient for
our study by dividing the residual component by
three raters as follows:

Outcome Measures

We calculated recall (sensitivity), precision (positive
predictive value), and specificity with their respec-
tive 95 percent confidence intervals (95%CI) for each
of the three concepts and the inference on acute bac-
terial pneumonia as follows:

Recall and specificity were plotted on receiver opera-
tor characteristics axes (ROC plots). Finn’s R statistic
was applied to measure the agreement between each

of the subjects (physicians, SymText, AAKS, KS, lay
persons) and the gold standard.22 

We used the McNemar test23 to determine whether
the subjects were different from the physicians on
any of the concepts. The gold standard was used to
determine whether the answers provided by the
physicians and by the other subjects were correct or
incorrect (i.e., whether the subject’s answer for a con-
cept matched the gold standard). An alpha of 0.05
was used with a Bonferroni correction for 96 multiple
comparisons among the four physicians and the
other six subjects (SymText, AAKS, KS, and three lay
persons). Since the main objective of this paper is to
compare the NLP system with the physician experts,
a less conservative Bonferroni correction (16 multiple
comparisons) is also reported in comparisons of
SymText against the four physicians. 

In addition, we used the McNemar test to compare
the NLP system with the other five subjects on the
disease inference for pneumonia. In this analysis, an
alpha of 0.05 was used with a Bonferroni correction
for five multiple comparisons. 

A power calculation to detect a difference (including
the Bonferroni correction) was performed for the 16
comparisons between the NLP system and the physi-
cians whenever the null hypothesis was not rejected.

Results

The reliability measures for the reference standard
are shown in Table 1. For each concept in the study,
the table presents the generalizability coefficient per
rater (equation 1) and the generalizability coefficient
for the three raters who constituted the gold standard
(equation 2). The gold standard reliability ranged
from 0.86 (for the infiltrate concept) to 0.96 (for the
pneumonia concept). 

Recall, precision, and specificity for every subject are
presented with their respective 95 percent confidence
intervals in Table 2. In Figure 5, recall (sensitivity) is
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�1 =
�2

case

�2
case + �2

resid

(2)

�1 =
�2

case

�2
case + (�2

resid � 3)
(3)

Table 1 ■

Reliability Measures for the Reference Standard
Generalizability Coefficient Actual Generalizability 

per Rater (�
1
) Coefficient (�

3
), 3 Raters

Pneumonia 0.91 0.96

Aspiration 0.82 0.93

Infiltrate 0.68 0.86

Support pneumonia 0.72 0.89

(1)

Recall =
No. of correct positive concepts identified by subject

No. of positive concepts identified by gold standard

Precision = No. of correct positive concepts identified by subject

Total no. of positive concepts identified by subject

Specificity = No. of correct negative concepts identified by subject
No. of negative concepts identified by gold standard



plotted against specificity on ROC axes for all the
concepts.

For the disease inference in acute bacterial pneumo-
nia, the physicians had an average recall of 94 percent
(CI, 91–96 percent), an average precision of 87 per-
cent (CI, 83–91 percent), and average specificity of 91
percent (CI, 88–94 percent). SymText had recall of 95
percent (CI, 91–99 percent), precision of 78 percent
(CI, 71–85 percent) and specificity of 85 percent (CI,
80–90 percent). The keyword searches followed with
an average recall of 83 percent, average precision of
65 percent, and average specificity of 74 percent. The

KS slightly outperformed the AAKS, but they were
not statistically different from each other. The lay
persons had a lower performance with 45 percent
recall but higher precision and specificity (89 and 96
percent, respectively).

For the infiltrate concept, the physicians had an aver-
age recall of 84 percent (CI, 77–91 percent), an average
precision of 95 percent (CI, 93–97 percent), and aver-
age specificity of 96 percent (CI, 94–98 percent).
SymText had recall of 84 percent (CI, 78–90 percent),
precision of 87 percent (CI, 81–93 percent) and speci-
ficity of 90 percent (CI, 85–95 percent). The other
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Table 2 ■

Performance Measures for All Subjects in the Study
MD1 MD2 MD3 MD4 SymText AAKS KS Lay1 Lay2 Lay3

Pneumonia
(N = 47):

Recall 0.98 0.96 1 0.98 0.94 0.94 0.83 0.89 0.72 0.89
(0.94–1.00) (0.90–1.00) (0.80–0.98) (0.94–1.00) (0.87–1.00) (0.87–1.00) (0.72–0.94) (0.80–0.98) (0.59–0.85) (0.80–0.98)

Precision 0.96 0.94 0.96 0.98 0.96 0.52 0.83 0.81 0.87 0.95
(0.90–1.00) (0.87–1.00) (0.91–1.00) (0.94–1.00) (0.90–1.00) (041–0.63) (0.72–0.94) (0.70–0.92) (0.76–0.98) (0.89–1.00)

Specificity 0.99 0.99 0.99 0.99 0.99 0.83 0.97 0.96 0.98 0.99
(0.98–1.00) (0.98–1.00) (0.98–1.00) (0.98–1.00) (0.98–1.00) (0.78–0.88) (0.95–0.99) (0.94–0.98) (0.96–1.00) (0.98–1.00)

Aspiration 
(N = 6):

Recall 1 1 1 1 1 0.83 1 0.66 0.83 0.83
(0.53–1.00) (0.28–1.00) (0.53–1.00) (0.53–1.00)

Precision 1 1 1 1 0.75 0.62 0.85 0.80 0.35 1
(0.45–1.00) (0.28–0.96) (0.59–1.00) (0.45–1.00) (0.10–0.60)

Specificity 1 1 1 1 0.99 0.98 0.99 0.99 0.97 1
(0.98–1.00) (0.96–1.00) (0.98–1.00) (0.98–1.00) (0.95–1.00)

Infiltrate 
(N = 132):

Recall 0.80 0.93 0.79 0.77 0.84 0.56 0.76 0.045 0.13 0.14
(0.73–0.87) (0.89–0.97) (0.72–0.86) (0.70–0.84) (0.78–0.90) (0.48–0.64) (0.69–0.83) (0.01–0.08) (0.07–0.19) (0.08–0.20)

Precision 0.97 0.92 0.96 0.93 0.87 0.92 0.82 0.75 0.94 0.63
(0.94–1.00) (0.87–0.97) (0.92–1.00) (0.88–0.98) (0.81–0.93) (0.86–0.98) (0.75–0.89) (0.45–1.0) (0.83–1.00) (0.46–0.80)

Specificity 0.98 0.94 0.97 0.95 0.90 0.96 0.86 0.98 0.99 0.93
(0.96–1.00) (0.90–0.98) (0.94–1.00) (0.92–0.98) (0.85–0.95) (0.93–0.99) (0.81–0.91) (0.96–1.00) (0.97–1.00) (0.89–0.97)

Support
Pneumonia 
(N = 112):

Recall 0.94 0.93 0.97 0.91 0.95 0.79 0.87 0.38 0.58 0.41
(0.90–0.98) (0.88–0.98) (0.94–1.00) (0.86–0.96) (0.91–0.99) (0.71–0.87) (0.81–0.93) (0.29–0.47) (0.49–0.67) (0.32–0.50)

Precision 0.83 0.92 0.88 0.84 0.78 0.63 0.70 0.86 0.85 0.97
(0.76–0.90) (0.87–0.97) (0.82–0.94) (0.77–0.91) (0.71–0.85) (0.55–0.71) (0.62–0.78) (0.76–0.96) (0.77–0.93) (0.92–1.00)

Specificity 0.88 0.95 0.92 0.89 0.85 0.71 0.77 0.96 0.93 0.99
(0.83–0.93) (0.92–0.98) (0.88–0.96) (0.84–0.94) (0.80–0.90) (0.64–0.78) (0.71–0.83) (0.93–0.99) (0.89–0.97) (0.98–1.00)

NOTE: The 95 percent confidence intervals (95% CI) are shown in parentheses. N is the number of reports containing the concept, as judged
by the gold standard.



methods did not perform as well. The keyword search
from the antibiotic assistant (AAKS) had 56 percent
recall (CI, 48–64 percent) for the infiltrate concept. The
other keyword search (KS) had higher recall for infil-
trate with 76 percent (CI, 69–83 percent) but lower
specificity with 86 percent (CI, 81–91 percent). The
average lay person achieved 10 percent recall for infil-
trate, but specificity was higher with 97 percent. 

In Figure 5, SymText is clustered with the physicians
in a position of higher performance on the ROC plots
for all the concepts and for the disease inference. The
lay persons are clustered in a substantially lower per-
formance position. The keyword searches were in an
intermediate position, but neither of them achieved
the performance exhibited by SymText. 

The agreement between each subject and the gold
standard, as measured by Finn’s R statistic, is shown
in Figure 6. For the pneumonia inference, Finn’s R
statistic for the four physicians ranged from 0.8 to
0.89, with an average of 0.84 (CI, 0.83–0.85). For the
concept infiltrate, Finn’s R for the four physicians
ranged from 0.74 to 0.87, with an average of 0.80 (CI,
0.75–0.85). SymText had a Finn’s R of 0.75 for the dis-
ease inference and 0.74 for the infiltrate concept. The
other methods had lower measures of agreement
with the gold standard. The three lay persons had an
average Finn’s R of 0.16 for the infiltrate concept and
0.54 for the pneumonia inference. The KS slightly
outperformed the AAKS (0.62 compared with 0.49
for the disease inference and 0.64 compared with 0.56
for the infiltrate concept). 
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F i g u r e  5 Performance as indicated by sensitivity x (1 – specificity) for every subject plotted on receiver operator charac-
teristics (ROC) curve axes. Diamonds indicate physicians; squares, SymText; triangles, lay persons. Keyword searches are
indicated by plus signs (KS) and times signs (AAKS).
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A matrix of P values produced by the McNemar test for
the pairwise comparisons between physicians and sub-
jects is shown in Table 3. SymText did not differ signif-
icantly from the physicians after Bonferroni corrections
for 96 multiple comparisons. However, the less conser-
vative approach of 16 multiple comparison showed dif-

ferences between one physician and SymText for the
infiltrate concept and between another physician and
SymText on the disease inference for pneumonia (rep-
resented by an asterisk [*] in Table 3). The comparisons
also showed that most physicians were significantly dif-
ferent from the other subjects (keyword searches and
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F i g u r e  6 Agreement with reference standard, as measured by Finn’s R statistic. Physicians are indicated by MD1, MD2,
and MD3; keyword searches by AAKS and KS; and lay persons by Lay1, Lay2, and Lay3.

Table 3 ■

Matrix of P Values for Pairwise Comparison Using the McNemar Test. 
SymText AAKS KS Lay1 Lay2 Lay3

MD1 Pneumonia 0.68750 0.00000 0.00235 0.34375 0.00149 0.00753

Aspiration 0.50000 0.12500 1.00000 1.00000 0.00149 0.25000

Infiltrate 0.17417 0.00000 0.00150 0.00000 0.00000 0.00000

Support pneumonia 0.26819 0.00000 0.00014 0.00002 0.00053 0.00000

MD2 Pneumonia 1.00000 0.00000 0.00000 0.77412 0.00719 0.02127

Aspiration 0.50000 0.12500 1.00000 1.00000 0.00149 0.25000

Infiltrate 0.00222* 0.00000 0.00000 0.00000 0.00000 0.00000

Support pneumonia 0.00366 0.00000 0.00000 0.00000 0.00000 0.00000

MD3 Pneumonia 0.37500 0.00000 0.00012 0.17968 0.00040 0.00097

Aspiration 0.50000 0.12500 1.00000 1.00000 0.00149 0.25000

Infiltrate 0.32224 0.00000 0.00382 0.00000 0.00000 0.00000

Support pneumonia 0.00294* 0.00000 0.00000 0.00000 0.00000 0.00000

MD4 Pneumonia 0.25000 0.00000 0.00050 0.17960 0.00040 0.00234

Aspiration 0.50000 0.12500 1.00000 1.00000 0.00149 0.25000

Infiltrate 1.00000 0.00120 0.06200 0.00000 0.00000 0.00000

Support pneumonia 0.39160 0.00000 0.00068 0.00002 0.00051 0.00000

NOTE: Keyword searches are indicated by AAKS and KS, laypersons by Lay1, Lay2, and Lay3. Bold font indicates statistical significance (p
< 0.000521) after Bonferroni correction for 96 overall comparisons. Asterisks (*) indicate statistical significance for P < 0.003125 after a less
conservative Bonferroni correction for 16 overall comparisons between the NLP system and the physicians. 
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lay persons) in the disease inference and in all concepts
except aspiration. SymText outperformed the other
subjects on the disease inference for pneumonia (P <
0.01 for five comparisons between SymText and the
other subjects). 

In 14 of the 16 multiple comparisons between the
NLP system and the physicians, the null hypothesis
was not rejected. The power to detect a difference
was greater than 80 percent in all 14 comparisons and
was most often greater than 90 percent. Therefore,
the study had enough power and sample size to
detect real differences between the physicians and
the NLP system.

Discussion

We studied the ability of an NLP system post-
processed by a rule-based algorithm to identify pneu-
monia-related concepts from chest x-ray reports. The
performance of the NLP system was closer to the per-
formance of the physicians than were any other sub-
jects in the study. Pairwise comparisons showed
minor differences between some physicians and the
NLP system, but the other subjects were clearly inferi-
or to the physician experts. The NLP system outper-
formed the other subjects when inferring whether the
report supported pneumonia, and it demonstrated a
physician-like agreement profile with the gold stan-
dard for all the pneumonia concepts. The only excep-
tion was the aspiration concept, for which all subjects
had similar performance. Given the low prevalence of
aspiration (6 of 292 reports), we probably did not have
enough cases to make any conclusion on this concept.

The surprising result was the low performance of the
already implemented AAKS. Recall is probably the
most important performance measure for the antibiot-
ic assistant application, because the program collects
information from other sources (laboratory and micro-
biology data) before it decides whether a patient has
acute bacterial pneumonia. Although AAKS had good
recall for the pneumonia and aspiration concepts, it
demonstrated low performance for infiltrates, with 54
percent recall. A recall of 54 percent means that AAKS
missed a subset of the infiltrates compatible with acute
bacterial pneumonia. 

AAKS also had low precision (52 percent) for the
pneumonia concept. It was not able to detect negations
of the concept pneumonia when negations were dis-
tributed across a complex phrase or sentence. For
example, in the sentence “I see no evidence of atelec-
tasis, scarring, or pneumonia,” the phrase “no evi-
dence” must be distributed among the three concepts

(atelectasis, scarring, pneumonia) to detect the nega-
tion of pneumonia. The other keyword search (KS)
had a higher performance but did not achieve the
physician-like performance of SymText. 

Describing radiographic support for pneumonia is com-
plex, and keyword searches may not perform on a level
sufficient for the successful extraction of pneumonia con-
cepts. If we were targeting a different disease, like
pneumothorax, for which description of radiographic
findings is explicit, then the keyword approaches might
have been sufficient. However, designing keyword
searches for every clinical concept is less desirable than
using a general-purpose encoding mechanism. 

The three lay persons in our study had good levels of
precision and specificity but lower recall, particularly
for the infiltrate concept. Although the lay persons did
not have a medical background, they were able to rec-
ognize the presence and absence of the pneumonia
concepts if the concepts were explicitly mentioned in
the report. For example, in the sentences “infiltrates in
the left lower lobe” and “no evidence of pneumonia,”
the lay persons recognized the presence of infiltrates
and the absence of pneumonia. However, the lay per-
sons failed to recognize concepts when medical vocab-
ulary and induction was required. For example, the
lay persons did not identify an infiltrate in the sen-
tence “ill-defined patchy opacity with air bron-
chograms in the left upper lobe.”

A generalizability coefficient of 0.7 or higher is consid-
ered adequate if the gold standard is going to be used
only to estimate the overall performance of a system.21

In our study, the actual generalizability coefficient that
took the three raters into account (equation 3) was
above 0.7 for all the pneumonia concepts. The lowest
generalizability coefficient was on the infiltrate con-
cept, 0.68 per rater (equation 2) and 0.86 when the
three raters (equation 3) were taken into account. We
were not surprised by this lower coefficient, because
deciding whether a particular infiltrate is compatible
with acute bacterial pneumonia is sometimes difficult.
The generalizability coefficient per rater (equation 2)
on the acute bacterial pneumonia inference was 0.72
and correlates well with the 0.70 coefficient published
by Hripcsak et al.21

Having good reliability measures does not reflect
absence of disagreement within the gold standard.
Disagreement between gold standard physicians aver-
aged 17 percent for the concept infiltrate and 16 per-
cent for the inference on acute bacterial pneumonia.
Similar disagreement measures were found in another
NLP evaluation study11 and in studies for which
physicians performed other diagnostic tasks.24,25
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A limitation of this study is the small number of clin-
ical conditions that were evaluated. Although
SymText was developed to code most of the condi-
tions on a chest x-ray report, we limited this evalua-
tion of SymText to one clinical condition (acute bac-
terial pneumonia). The level of performance may dif-
fer for other diseases, such as congestive heart fail-
ure, neoplasms, pneumothorax, and atelectasis.

Another limitation is the prevalence of pneumonia in
our sample of reports. To increase the prevalence of
acute bacterial pneumonia, we enriched our data set
with 75 reports from patients with a primary dis-
charge diagnosis of pneumonia. We do not know
how well the performance measures will generalize
to a population of reports with the actual disease
prevalence. There is contradiction in the literature on
how performance measures such as recall, precision,
and specificity vary with the prevalence of condi-
tions. Traditionally, recall (sensitivity) and specificity
have generally been thought of as being independent
of disease prevalence. In contrast, precision (positive
predictive value) is highly dependent on disease
prevalence.26 A recent study using simulation of
these performance measures actually demonstrated
that they all vary with prevalence.27

A third limitation of this study is that we did not com-
pare the NLP performance with the average physician
performance. In our methodology the scores used for
the McNemar test are dichotomous, and there is no
way to compute averages. As far as we know, the only
outcome metric in NLP evaluation that allows compu-
tation of averages is a distance metric.11 This metric
was used in an evaluation study for six clinical condi-
tions and was not applicable in our study. However,
we did compare the NLP system with each of the
physicians and found that the system was different
from some physicians and not different from others.

Depending on the context of the application, one per-
formance measure might be more important than anoth-
er. For the antibiotic assistant program, recall is more
important than precision and specificity. However,
other applications may require higher precision and tol-
erate lower sensitivity. Therefore, when developing and
evaluating generally applicable NLP systems, a system
that yields good performance in all the measures (recall,
precision and specificity) is preferred. 

SymText is more sensitive than AAKS without signif-
icant loss of specificity and precision. Therefore, we
are now planning to use SymText to store the coded
pneumonia data in the electronic medical record of the
HELP system. Using SymText potentially increases
the detection of pneumonia and may improve the

overall recommendations of the antibiotic assistant for
pneumonia patients. This potential improvement
needs to be demonstrated in the clinical context of the
real-time recommendations of the antibiotic assistant.

Other applications may benefit from having pneu-
monia-related concepts coded in the hospital infor-
mation system. Radiographic information from chest
x-ray reports is required for clinical pneumonia
guidelines.28 Natural language processing systems
can provide, from chest x-ray reports, coded data that
support real-time computerization of pneumonia
guidelines. However, pneumonia guidelines require
information about localization and severity of pneu-
monia findings. To drive computerized pneumonia
guidelines, NLP systems will have to be evaluated
not only for the ability to detect clinical condition but
also for the ability to localize and determine exten-
sion of the disease.

Quality assurance initiatives in the radiology depart-
ment may benefit from having coded data in the hos-
pital information system. A quality assurance study
on diagnostic interpretations of radiologists could
compare pneumonia interpretations with outcome
data from other sources, such as the discharge diag-
nosis. Quality assurance studies in diagnostic inter-
pretations of the radiologists usually require double
readings of films. However, double reading of films
is expensive and time consuming. Comparing coded
interpretations from chest x-ray reports with out-
come measures like the discharge diagnoses may
reduce the number of films that require the tradition-
al double reading process.29

Automatic systems need coded data. However, a large
quantity of information is stored in free-text format.
Natural language processing systems are an appealing
method of encoding free-text reports and unlocking
the content of those reports for a variety of applica-
tions. Evaluation studies are be needed to reveal
whether NLP systems can fulfill the needs of those
applications. However, issues such as implementation
in a hospital information system, extensibility to dif-
ferent types of reports, and portability to other institu-
tions must be addressed before NLP systems attain
widespread use.

Conclusion

We have shown that the performance of an NLP sys-
tem was similar to the performance of physicians and
superior to the performance of lay persons and key-
word searches in the extraction of pneumonia-related
concepts from chest x-ray reports. The encoded
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pneumonia information has the potential to support
several pneumonia-related applications, such as the
antibiotic assistant, computerized clinical protocols
for pneumonia, and quality assurance applications in
the radiology department. 
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